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Data Set

Data set description

We used MedPAR records for 199993 where the dates and asons for all hospitalizations
were reported in ICB®-CM format. Each record consists of the date of visit, a primary diagnosis and up
to 9 secondary diagnosis, all specified by ICD9 codes of up to 5 digits. The first three digits specify the
main diseaseategory while the last two are used to give additional information about the disease. In
total, the ICBEO-CM classification consists of 657 different categories at the 3 digit level and 16,459

categories at 5 digits.

We distinguish four main groups in tldata set given by (Males = M, Females=F, White=W,
Black = B)

Number of Patients per Demographic Group

M F M+F
W 4910362(37.66%)  6835054(52.42%) 1174541690.08%)
B 386663(2.97%) 596432(4.57%) 983095(7.54%)
B+W 5297025(40.62%) 7431486(56.99%) 12728511(97.62%)
B+W+Otherl 5440490 (41.72% 7598529 (58.28%
Other (Hispanic+Asian+Native American+Other) 310507(2.38%)
Total 13039018(100%)




Percentage of Visits per Patient and Primary Code Network

An alternative approach to build the diseasetwerk would be to consider only primary
diagnoses. We have decided not to take that option because of the fact that most individua)44.8
have only one hospital visiind would therefore not contribute to the construction of a disease network
in which aly primary diagnoses were considerdéurthermore, 23% of the patients in our data have
only two hospital visits and would therefore contribute, at most, given that these diagnoses are
different, to only one comorbidity observation. Hence concentratinghee primary diagnosis will result
not only in the elimination ofmost of our data but would produce a selection bias towards those
conditions affecting people with several hospital visits. We believe however that creating a network of
primary diagnoses wdd be an interesting alternative given a data set with more longitudinal

resolution.
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Quantifying Comorbidity Strength

¢-Correlation
We can quantify the strength of comorbidities by calculating the correlation coefficient
associated with a pair of diseases as:
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WhereG; is the number of patients affected by both diseasidss the total number of patients
in the studiedpopulation andR, is the prevalence of thé” disease. Thgg 02 NNBf | GA2y Aa GKS
correlation for dichotomous variables, i.e. variables which only take 0 or 1 valjes. [

We can determine the significance of' 1 0 & LJS N#Es2 WS onsts of calculating
according to the formula:

Where n is the number of observations used to calculate In all of our tables we use
n=max@,R) <<N, which represents the most stringent way in whioten be calculated given our data,
as usingn=Nwill produce a larger number of significant links most of which will not necessarily be
strong predictors. To determine the level of significance ifis necessary to look for it on tatable
which are available online or in most statistics bodksAs a rule of thumb it is important to remember
that forn>1000 angk M dcpec A& AAIYATFAOFIY G F O nadgSupsp yt S@S AR AFHKS
at the 1% level.

Relative Risk

An alternative way of quantifying the correlation between two variables is to calculate their
relative risk. The relative risk is thetimbetween the observed coccurrence and that of a null model.
If diseases occurred independently, the number of patients affected by both diseases would be given by:
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Hence the relative risk of a pair of diseases is given by:
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which can also be wrigh explicitly as probabilities as:
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Calculating the significance of the relative risk can be done by using the Katz et al. method to
estimate confidence intervalg][ According to their calculations, the 99% confidence interval folRRe
between diseasgi andj is given by:

|RR;; x exp(—2.565;;), RR;; x exp(2.560;; )|

where gj is given by:
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We summarize the pros and cons of each measure in Box 1.



Box 1: Quantifying Disease Associations

We usetwo different ways tomeasurethe strength of comorbidity associationd/e denoteG; asthe numbe of patients that
have been diagnosed with diseasesdj, N as the total number of patients in the population afdas the number of patientg
diagnosed with disease

g-correlation
t S NE2yQa O2NNBt+F P2y F2NI OAYINE OFNALOt Sa @
4, = C;N-RP, D)
JPP(N-RXN-P)
Pros Good at discerning associations between diseases with similar prevalence.
ConsValues are always low for diseases with extremely different prevalence.
Values
¢>0comorbidity is larger than expected by chance
¢#<0 comorbidity is maller than expected by chance
Range:
¢ ~[-1,1] for diseases with similar prevalence.
¢~ (P</P>)1’2 [-1,1] for diseases with different prevalence whée= min(R,R) and P.=max(R,R)

Relative Risk
Fraction between the number of patients diagnoseithvboth diseases and random expectation based on disease prevaler
RR = (2)

TR

Pros:Intuitive and easy to calculate.

Cons:.Underestimates associations between highly prevalent diseases and overe&tiassteciations involving rare diseases
Values:

RR>1comorbidity is larger than expected by chance

RR<1comorbidity is smaller than expected by chance

Range:

RR~[N/PR,N/P.] where P.=max(R,R)




Resource
Files

In this publication we make available a large number of comorbidity data in the form of a PDN.
The resource provided consists of 18 different files summarizing a PDN constructed by looking at
patients from particular demographics and using ICD9 codes at the 5 and 3 digit Teddis SL shows
a brief summary of each of these files.

PDN File Description

File Patients used Number of Links
AlINet5.net All patients, ICD9 8igit level 6088553
AlINet3.net All patients, ICD9 3 digit level 291172
MaleNet5.net All males, ICD9 5 digit level 3980759
MaleNet3.net All males, ICD9 5 digit level 242056
FemaleNet5.net All females, ICD9 5 digit level 4882376
FemaleNet3.net All fermales, ICD9 3 digit level 261804
BlackNet5.net All black patients, ICD9 5 digit level 2007916
BlackNet3.net All black patients, ICD9 3 digit level 186409
WhiteNet5.net All white patients, ICD9 5 digit level 4871245
WhiteNet3.net All white patients, ICD9 digit level 285795

WhiteMaleNet5.net All white male patients, ICD9 5 digit level | 3775421
WhiteMaleNet3.net All white male patients, ICD9 3 digit level | 236513
WhiteFemaleNet5.net | All white female patients, ICD9 5 digit leve 4660064
WhiteFemaleNet3.et | All white female patients, ICD9 3 digit leve 256637
BlackMaleNet5.net All black male patients, ICD9 5 digit level | 1239552
BlackMaleNet3.net All black male patients, ICD9 3 digit level | 142226
BlackFemaleNet5.net | All black female patients, ICD9 5 digivel 1557867
BlackFemaleNet3.net | All black female patients, ICD9 3 digit level 159215
Table SL PDN master file description




File structure

Each of the 18 files has 10 tab delimited columns. The description of each caugiven in
Table S2. Disease pairs are sorted in increasing order with the disease with the lowest ICD9 number
always taking the leftmost column.

PDN File Structure

Column | Description
1 Icd9 code disease 1

lcd9 code disease 2
Prevalence disease 1
Prevalence disease 2
Cooccurrence between diseases 1 and 2
Relative risk
Relative risk 99% confidence interval (left bound
Relative risk 99% confidence interval (right boun
¢-correlation
10 t-test value

Table & Column description
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Visualizing the Disease Network
From a visualization perspective, there is a tradeoff between the number of associations

included in a network and the clarity with whitiese associations can be appreciated. For example, for
a network in which comorbidities are quantified usigsgve can specify a cutoff valug, such that only
links satisfyings>¢" are kept. For a large”cutoff, the resulting PDN is very sparse aminéormative;
most diseases will be completely disconnected, whereas fordomatoffs the visualization of the PDN
becomes exceptionally dense. A good visualization can be obtained by lookingfornvehich there is a
component containing a large nurab of nodes but relatively few links. This can be achieved by
examining the number of nodes in the largest connected component of the network for vagyotisis

point is known as the percolation transition of the netwotk'f].

Here we show examplas this exercise for a PDN constructed using ICD9 codes at the 3 and 5
digit levels.Figure S2 shows how the giant connected component emerges as the cutoff value
decreases for the network constructed using ICD9 codes at ttiigii8level. Forg” = 0.1 the PDN is
sparse and incomplete, whereas fgr = 0.05 the network becomes too dense to discern any structure.
We find that a good visualization can be obtained by chooging 0.06. To finish this visualization we
checked tk t-value for all the associations considered and kept all that were found to be statistically

significant at the 1% level.



As another example we show the same exercise for the PDN constructed using our data at the 5
digit level Figure S3). Once again, a giant connected component emerges at a similar threshold. A

worked version of this network is presentedkigure .

Fraction of Nodes,
Fraction of Links
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Figure S2 Number of nodes in the largest connectednponent of the network as a function the
threshold for a PDN constructed using ICD9 codes at-thgitdevel. The lower panels show 3 examples
of networks at different values @f. At a given threshold N is the total number of nodes and L is the total
number of links in the largest component.
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Figure S3 Number of nodes in the largest connected component of the network as a functiah the
threshold. The lower panels show 4 examples of networks at different valgeAtodgiven threshold N

is the total number of nodes; Is the total number of links, Ns the number of nodes in the largest
component and dis the number of links in the largest component.



PDN constructed using ICD9 codes at the 5 digit level

Figure 1 PDN constructed using ICD9 codes at the 5 digitdexkl-correlation.
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